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Extended methods 
Study population 
In HeSSup 64,797 men and women were sent a survey between 1998 and 2000 or in 2003. Responders were 
linked electronically to national hospitalisation and mortality registers.1   

Men and women participating in HeSSup were from a stratified random sample of the Finnish 
population based on four age groups (20-24, 30-34, 40-44, and 50-54). The eligible population (N=64,797) 
was identified from the Finnish population register and an invitation to participate was posted along with a 
baseline questionnaire. Between June 7, 1998 and May 23, 1999 and January 7 and August 12, 2003, 23,988 
responded, provided data on BMI and were successfully linked to electronic health records from national 
registers until December 31, 2015. The Turku University Central Hospital Ethics Committee approved the 
study. 

The study population of FPS comprised 113,578 men and women who were sent surveys between 
2000 and 2002, 2004 and 2005, 2008 and 2009, and/or 2011 and 2013. Study participants were linked to 
electronic health records until December 31, 2018.  

The FPS sample comprised the entire public sector personnel of 10 cities and 21 hospitals in the 
same geographical areas.2 The participants had a job contract of at least 6 months between 1990 and 2005 
and were eligible for at least one of the four surveys conducted between March 1, 2000 and June 30, 2002; 
March 1, 2004 and June 30, 2005; March 1, 2008 and November 30, 2009, December 1, 2011 and November 
30, 2013. The sample included in the present analysis comprised 90,669 men and women aged 17 to 78 who 
responded to the survey, had data on BMI, and were successfully linked to electronic health records from 
national registers up to December 31, 2018. Helsinki Uusimaa Hospital District Ethics Committee approved 
the study. 

Study population in the Finnish cohorts was ethnically homogeneous. According to linked Population 
Register records on primary language (the official language spoken in Finland versus not), less than 1% of 
participants had an immigrant background.  

To examine the robustness and generalisability of our findings, we repeated and expanded the main 
analyses in an independent cohort study, UK Biobank. The study population included 502,665 UK adults 
participating in a baseline examination (2006–2010). Hospital admissions and deaths were followed via 
national health registers. 

UK Biobank is a large-scale biomedical database and research resource, containing in-depth health 
information from half a million UK participants (www.ukbiobank.ac.uk, last accessed 15 December 2021).3  
Approximately 9.2 million people were invited to ensure ~500,000 participants. The present analysis was 
based on 499,357 men and women, age 38 to 72, with data on BMI measured during a clinical examination 
at baseline between 13-Mar-2006 and 1-Oct-2010 and linked electronically to the UK National Health 
Service’s Hospital Episode Statistics database. Follow-up of hospital admissions and deaths was until 31-Mar-
2021. The study was conducted under generic approval from the National Health Service National Research 
Ethics Service (June 17, 2011; Ref 11/NW/0382) and Material Transfer Agreement with Reference Number 
60565. Ethical approval for these studies was obtained from local committees on the ethics of human 
research. Analyses of UK Bank were done under generic approval from the National Health Service National 
Research Ethics Service (2CFFAA23-CEC4-4AF0-9133-405139170B01). Supplement figure 1 shows timeline 
for data collection in FPS, HeSSup and UK Biobank.
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Supplement figure 1. Timeline for data collection by cohort 

Baseline assessment  
Weight and height at baseline were self-reported in HeSSup and FPS and were measured in UK Biobank. We 
calculated BMI using the formula:4 weight in kg divided by height in metres squared and defined obesity as 
BMI equal to or greater than 30kg/m2, overweight as BMI between 25 and 29.9 kg/m2, normal weight as BMI 
between 18.5 and 24.9kg/m2 and underweight as BMI lower than 18.5 kg/m2. Obesity was further divided 
into class-1 (BMI 30–34.9kg/m2), class-2 (35–39.9kg/m2) and class-3 (40kg/m2 or higher). Self-reported BMI 
tends to be underestimated, especially in the overweight and obese.5 

In addition to age, sex and cohort, baseline characteristics included education and neighbourhood 
deprivation as these factors have been shown to correlate with death and a wide range of diseases,6,7 
predict the development of obesity8 and, in social experiments, reduction of deprivation has been associated 
with subsequent reduction in obesity.9 In combination, this evidence suggests that education and 
neighbourhood deprivation may act as confounding factors increasing the risk of both obesity and adverse 
health outcomes. Using predefined operationalisations, educational attainment, obtained from Statistics 
Finland via record linkage (FPS) or by survey (HeSSup, UK Biobank), was based on three categories: primary, 
secondary and tertiary qualification. Neighbourhood deprivation scores for HeSSup and FPS were obtained 
from Statistics Finland based on the proportion of adults with low education, the unemployment rate, and 
the proportion of people living in rented housing in each 250m x 250m grid area.6 For each of the three 
variables, we derived a standardized z score based on the total Finnish population (mean=0, SD=1). A score 
for neighbourhood deprivation was then calculated by taking the mean value across the three z scores. 
Higher scores on the continuous index denote greater disadvantage.6 In UK Biobank, continuous Townsend 
index was used to assess neighbourhood deprivation.10 

Further covariates included lifestyle factors which were obtained using standard questionnaire 
measures and were categorised using predefined harmonised operationalisations across the three 
cohorts.11,12 current smoking (yes vs no), heavy drinking (>21 alcoholic drinks per week for men and >14 for 
women versus 0-21 drinks for men and 0-14 drinks for women), and physical activity (low [no or little 
moderate/vigorous leisure-time physical activity] versus high [much or some moderate/vigorous leisure-time 
physical activity]).  

Follow-up for morbidity and mortality 
Participants from HeSSup and FPS were linked by their unique identification number to national registries of 
hospital discharge information (recorded by the Finnish Institute for Health and Welfare) and mortality 
(recorded by Statistics Finland). These electronic health records included cause and date of hospitalisation 
and/or mortality from 1-Jan-1996 up to 31-Dec-2018 and their coverage (all hospital types, including private 
hospitals, and emergencies) reflects the comprehensive nature of Finland’s public health care system. 
Additional information on site-specific cancers, diabetes, cardiovascular diseases (including hypertension), 
psychotic disorder, dementia, Parkinson’s disease, multiple sclerosis, epilepsy, asthma, chronic obstructive 
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pulmonary disease, inflammatory bowel disease, liver disease, rheumatoid arthritis, gout, and renal failure 
was available via record linkage to the Drug Reimbursement Register of the Social Insurance Institution of 
Finland (1-Jan-1980 to 30-Dec-2018). In UK Biobank, study participants were linked to the UK National 
Health Service’s Hospital Episode Statistics (HES) database for hospital admissions and the NHS Central 
Registry for mortality from 18-Mar-1995 to 31-Mar-2021.  

In all three cohort studies, diseases obtained from hospital records were coded according to the 
World Health Organization’s International Classification of Diseases 10th Revision (ICD-10) which captures a 
total of 1204 3-digit diagnostic codes. Excluding hospitalisation due to obesity, we focussed on a pre-defined 
list of 78 common ICD-10 disease chapters and diagnostic groups constructed for outcome-wide studies by 
investigators blinded to exposure data including BMI (supplement table 1).6,13,14  
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Supplement table 1. Hierarchy of ICD-10 codes and disease frequencies for 78 health outcomes in Finnish cohorts 
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The Social Insurance Institution of Finland Clinical criteria for eligibility of drug reimbursement for 
obesity-related diseases were as follows: 

Supplement table 2. The Social Insurance Institution of Finland Clinical criteria for eligibility of drug reimbursement 
for obesity-related diseases 

Data analysis 
After gaining permission to use electronic health records as research data and receiving the raw data, we 
assessed data quality in terms of completeness and accuracy. Ascertainment of data element completeness 
included examining metadata, such as a data dictionary, contained in the dataset against the requested 
variables required for the statistical analysis. In assessing accuracy, we compared the data to external 
sources, such as reported national disease and mortality statistics. Internal consistency checks and curation 
included computed logic checks for the correctness of linkage identifiers across electronic health records and 
the clinic and survey data and over time, detection of outlier values or impossible records, such as a date of 
death occurring before hospital admission, and implausible changes in clinical characteristics over time (e.g. 
a large increase in height in adulthood), and assessment of inconsistencies in records across electronic 
health records and clinical/survey assessment. Data were pseudonymised/anonymised before research use. 

Participants with morbidity and mortality follow-up and no missing data on age, sex, and BMI were 
included in the analysis. Missing data were treated as a separate category for other covariates. We used 
pooled individual-level data from the two Finnish cohort studies for primary analysis. We assessed the 
proportional hazards assumption for the associations of obesity vs normal weight for each of the 78 health 
outcomes and found no major violations. Supplement table 3 and supplement figure 2 show that although 
the interaction term was statistically significant for 18 health outcomes, any differences in hazard ratios for 
the corresponding obesity-health outcome associations were not extreme between the two periods of 
follow-up, a finding also confirmed by the log-log plots. Non-significant associations remained so. There was 
dilution of the effect over time for many health outcomes, including diabetes, sleep disorders, asthma, 
gestational diabetes, pregnancy complications and injury. For some health outcomes the association with 
obesity strengthened over time. These were skin diseases (such as skin infections and eczema), back pain, 
diseases of the circulatory and genitourinary systems. 
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Supplement table 3. Test of the proportional hazards assumption: interaction between log(time) and obesity 
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Supplement figure 2. Log-log plot: log(follow-up) versus log(-log(survival)) for outcomes with unmet proportionality assumption 
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We examined associations between obesity and the 78 diseases in separate models using Cox 
proportional hazards regression. In these analyses, follow-up started from BMI assessment and continued 
until the onset of the disease of interest, date lost to follow-up, death, or end of follow-up, whichever came 
first. Hazard ratios (HRs) and 95% confidence intervals (CI) computed for obesity with normal weight as the 
reference, were adjusted for age, sex, education, neighbourhood deprivation and cohort (the basic model). 
To focus on diseases that are more common in participants with obesity and relate to differences in disease 
risk that are likely to be meaningful for public health and health care, we considered only obesity-disease 
associations which yielded hazard ratios >1.515 and were statistically significant at a Bonferroni corrected 
alpha-level, P<6.3x10-4 (0.05/78 tests). Sex differences in the associations between obesity and disease 
outcomes were examined by including a ‘sex x BMI’ interaction term in a Cox model in addition to their main 
effects and adjustments as in the basic model. 

Further analyses focussed on these obesity-related diseases after excluding overlapping conditions. 
To examine obesity in relation to the co-occurrence of obesity-related diseases, we constructed 4 disease 
outcomes: onset of the first, second, third and fourth obesity-related disease. The second outcome (2 
obesity-related diseases) refers to ‘simple multimorbidity” and the last outcome (4 or more obesity-related 
diseases) refers to ‘complex multimorbidity’.16,17 The number of new onset obesity-related diseases accrued 
by the end of follow-up or death determine the allocation of participants to each of the 4 health outcomes. 
To assess dose-response patterns within the obesity category, we stratified obesity into classes 1, 2 and 3. In 
addition to HRs and 95% CIs, we calculated population attributable fraction (PAF) to evaluate potential 
reduction in obesity-related multimorbidity were exposure to obesity removed.  

To further increase understanding of obesity-related multimorbidity, we examined temporal 
sequences in the emergence of obesity-related diseases by testing prospective associations between all 
obesity-related disease pairs in individuals with obesity. For each disease pair we tested the extent to which 
Disease A in participants with no Disease B predicted Disease B over the follow-up period and the extent to 
which Disease B in participants with no Disease A predicted Disease A over the follow-up period. Follow-up 
started at recorded diagnosis for the first disease and continued until the date of diagnosis for the next 
disease, death, or end of follow-up, whichever came first. HRs and 95% CIs were adjusted for age, sex, 
cohort, education and neighbourhood deprivation. 

To describe patterns of complex multimorbidity, we computed the frequency of each obesity-related 
disease in participants with obesity who developed four or more obesity-related health outcomes during the 
follow-up and calculated the proportion of disease combinations from one, two, three and four different 
disease categories. In addition, we listed all combinations of the first four diseases in this group and provided 
their frequencies and proportions of diseases from different disease categories included in these disease 
combinations. 

We performed several sensitivity and subgroup analyses. First, to examine whether the association 
between BMI and multimorbidity differs between the two Finnish cohort studies, we repeated analyses of 
developing one, two, three or four or more obesity-related diseases separately for FPS and HeSSup. We also 
examined whether age-, sex-, cohort-, education and neighbourhood deprivation-adjusted estimates 
obtained from pooled individual-level data from the two cohorts differ from those obtained from fixed-
effect meta-analysis of cohort-specific effect estimates by comparing results from these two statistical 
approaches.      

Second, we examined whether the associations of BMI categories with multimorbidity were 
reproducible with two alternative definitions of multimorbidity. In the first definition, all diseases statistically 
significantly associated with obesity after Bonferroni significance were included as components of 
multimorbidity. These included diabetes, hypertension, angina pectoris, heart failure, myocardial infarction, 
arrhythmias, deep vein thrombosis, pulmonary embolism, cerebral infarction, anaemia, asthma, sleep 
disorders, back pain, osteoarthritis, gout, bacterial infections, skin infections and eczema, liver disease, renal 
failure, pancreatitis, influenza & pneumonia, diseases of the eye, rheumatoid arthritis and related disorders, 
soft tissue disorders, circulatory & respiratory symptoms, and digestive & abdominal symptoms. The second 
multimorbidity definition was based on disease categories rather than specific diseases. This outcome 
included the following ICD-10 disease chapters: Endocrine diseases, infections, cancers, diseases of the 
blood, eye, ear and skin, and diseases of the circulatory, digestive, genitourinary, musculoskeletal, 
respiratory and nervous systems. For both definitions, we constructed 4 health outcomes: onset of the first, 
second, third and fourth obesity-related disease. 
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Third, to describe the association between BMI and multimorbidity with alternative statistical 
methods, we repeated the analysis using Poisson regression with count of diseases as the outcome and rate 
ratios comparing BMI-categories (reference: normal weight) as effect estimates and Aalen additive hazard 
model estimating hazard differences per 10,000 person-years between BMI categories.18,19  

Fourth, as the reference group of participants with normal weight covers a wide range of BMI-levels, 
we examined whether the associations with multimorbidity are replicable using a more homogeneous 
comparison group. In agreement with large-scale mortality analyses, we chose the BMI category 22.5 to <25 
kg/m2 as the reference in this sensitivity analysis.20  

Fifth, to examine whether age modifies the association between BMI and obesity-related 
multimorbidity, we stratified analysis by age group (BMI assessment before age 50 versus BMI assessment at 
age 50 or older) and tested whether the estimates differed between the two age groups. A corresponding 
analysis was performed to test whether sex is an effect modifier. 

To examine reproducibility of the findings from the Finnish cohorts in an independent external 
cohort and different health care setting, we repeated the main analyses in the UK Biobank cohort.  

Analyses were performed using SAS statistical software version 9.4 and R version 4.0.0. The 
statistical code for the main analyses is as follows: 

SAS (version 9.4): 

********************************************************************; 
**  Table 2  **; 
********************************************************************; 
** disease=dg, exposure=altiste, output file=resfile **; 
** data sets: fh_taudit (diseases), hlot1 (persons) **; 
********************************************************************; 
%macro coxit (dg,altiste,resfile); 
data tauti; 
     set fh_taudit; 
     IF dgnro=&dg; 
data t1; 
     merge hlot1(in=i) tauti; 
     by tutknro; 
     if i; 
data t2; 
     set t1; 
     if &altiste>.; 
     if slaalkupvm>. then status=1; else status=0; 
     if kohortti=1 then seuraika=(min(slaalkupvm,kuolinpvm,mdy(12,31,2016))-alkupvm+1)/365.25; 
     if kohortti=1 and &dg=79 then seuraika=(min(slaalkupvm,kuolinpvm,mdy(12,31,2018))-
alkupvm+1)/365.25; 
     if kohortti=2 then seuraika=(min(slaalkupvm,kuolinpvm,mdy(12,31,2012))-alkupvm+1)/365.25; 
     if kohortti=2 and &dg=79 then seuraika=(min(slaalkupvm,kuolinpvm,mdy(12,31,2015))-
alkupvm+1)/365.25; 
     if exslaalkupvm>. then extauti=1; 
     if extauti=1 or (sex=1 and &dg IN (8,67,68,69,70)) or (sex=2 and &dg=9) 

then do; status=.; seuraika=.; end; 
     if kohortti=2 and &dg IN (75,76,77,78) then do; status=.; seuraika=.; end; 
proc phreg data=t2;  
     class educ ases; 
     model seuraika*status(0) = sex age educ ases kohortti &altiste / rl; 

   ods output ParameterEstimates=pe CensoredSummary=cs; 
     data pe; set pe; if Parameter='obes2'; 
     data res; merge pe cs; dgnro=&dg; 
     keep parameter dgnro Total Event HazardRatio HRLowerCL HRUpperCL ProbChiSq; 
     data res; merge res(in=i) Tautiselitteet; by dgnro; if i; 
run; 
proc append base=&resfile data=res; 
run; 
%mend; 
*** all diseases **; 
proc datasets lib=work memtype=data nolist; delete results_all; quit; 
%MACRO coxkaikki; 
%DO I = 1 %TO 80; 
    %coxit(&I,obes2,results_all); 
%END; 
%MEND coxkaikki; 
%coxkaikki; 
proc print data=results_all; where Total>.; 
     id dgnro; 
     var selite parameter Total Event HazardRatio HRLowerCL HRUpperCL ProbChiSq; 
run; 
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********************************************************************; 
**  Figure 2 (Cumulative incidence)  **; 
********************************************************************; 
proc phreg data=hlot5;  
     model (age age_end)*status(0) = ; 
     strata obes2; 
     baseline out=apu1 survival=survival lower=slower upper=supper; 
run; 
data apu2; 
     set apu1; 
     rename age_end=time obes2=group; 
run; 
data apu3; 
     set apu2; 
     by group; 
     retain prehazard prelower preupper 0; 
     hazard=1-survival; 
     lower=1-supper; 
     upper=1-slower; 
     if (hazard>. and hazard NE prehazard) or first.group; 
     prehazard=hazard; 
     prelower=lower; 
     preupper=upper; 
     keep group time hazard lower upper; 
data apu4; 
     set apu3; 
     retain prehazard prelower preupper pregroup 0; 
     if group=pregroup then do; 

cumhazard=prehazard; cumlower=prelower; cumupper=preupper; output; end; 
     cumhazard=hazard; cumlower=lower; cumupper=upper; output; 
     pregroup=group; 
     prehazard=hazard; prelower=lower; preupper=upper; 
     keep group time cumhazard cumlower cumupper; 
data apu4; 
     set apu4; 
     cumhazard=100*cumhazard; ** % **; 
     cumlower=100*cumlower; 
     cumupper=100*cumupper; 
run; 
proc print data=apu4; ** => Excel figure **; 
run; 

proc lifetest data=hlot5 plots=(survival(atrisk) logsurv); 
time seuraika*status(0); 
strata obes2; 
run; 

********************************************************************; 
**  Table 3 (multimorbidity)  **; 
********************************************************************; 
proc means data=fh_taudit nway noprint;  
     where dgnro IN (2,10,15,29,33,35,36,37,38,39,43,45,49,53,55,57,60,61,63,66,80) and 
exslaalkupvm>.;  
     var exslaalkupvm; 
     class tutknro; 
     output out=pois min=; 
run; 
data hlot3; 
     merge hlot2(in=i) pois(in=j); 
     by tutknro; 
     if i and NOT j; 
run; 
data taudit1; 
     set fh_taudit; 
  IF dgnro IN (2,10,15,29,33,35,36,37,38,39,43,45,49,53,55,57,60,61,63,66,80) and slaalkupvm>.; 
proc sort data=taudit1; 
     by tutknro; 
data taudit2; 
     merge hlot3(in=i) taudit1(in=j); 
     by tutknro; 
     if i and j; 
     keep tutknro slaalkupvm dgnro obes2 BMI4; 
proc sort data=taudit2; 
     by tutknro slaalkupvm; 
data taudit3; 
     set taudit2; 
     by tutknro; 
     retain order 0; 
     if first.tutknro then order=0; 
     order=order+1; 
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run; 
** 1.-4. disease **; 
data tauti1; set taudit3; 
     if order=1; rename slaalkupvm=slaalkupvm1; 
data tauti2; set taudit3; 
     if order=2; rename slaalkupvm=slaalkupvm2; 
data tauti3; set taudit3; 
     if order=3; rename slaalkupvm=slaalkupvm3; 
data tauti4; set taudit3; 
     if order=4; rename slaalkupvm=slaalkupvm4; 
run; 
*********************************************; 
data hlot4; 
     merge hlot3(in=i) tauti1 tauti2 tauti3 tauti4; 
     by tutknro; 
     if i; 
run; 
data hlot5; 
     set hlot4; 
   slaalkupvm=slaalkupvm1; 
*  slaalkupvm=slaalkupvm2;  
*  slaalkupvm=slaalkupvm3;  
*  slaalkupvm=slaalkupvm4;  
     if slaalkupvm>. then status=1; else status=0; 
     if kohortti=1 then seuraika=(min(slaalkupvm,kuolinpvm,mdy(12,31,2016))-alkupvm+1)/365.25; 
     if kohortti=2 then seuraika=(min(slaalkupvm,kuolinpvm,mdy(12,31,2012))-alkupvm+1)/365.25; 
     age_end=round(age+seuraika,0.1); 
run; 
proc freq data=hlot5; 
     tables BMI4*status / nopercent nocol norow; 
run; 
proc phreg data=hlot5; 
     class educ ases BMI4(ref='2'); 
     model seuraika*status(0) = sex age educ ases kohortti BMI4 / rl;  
run; 
proc phreg data=hlot5; 
     class educ ases alko2 smoke met2 BMI4(ref='2'); 
     model seuraika*status(0) = sex age educ ases alko2 smoke met2 kohortti BMI4 / rl;  
run; 
 
********************************************************************; 
**  Supplement (Test of the proportional hazards assumption)  **; 
********************************************************************; 
** disease=dg, exposure=altiste, output file=resfile **; 
** data sets: fh_taudit (diseases), hlot1 (persons) **; 
********************************************************************; 
%macro coxph (dg,altiste,resfile); 
data tauti; 
     set fh_taudit; 
     IF dgnro=&dg; 
data t1;  
     merge hlot1(in=i) tauti; 
     by tutknro; 
     if i; 
data t2; 
     set t1; 
     if slaalkupvm>. then status=1; else status=0; 
     if kohortti=1 then seuraika=(min(slaalkupvm,kuolinpvm,mdy(12,31,2016))-alkupvm+1)/365.25; 
     if kohortti=1 and &dg=79 then seuraika=(min(slaalkupvm,kuolinpvm,mdy(12,31,2018))-
alkupvm+1)/365.25; 
     if kohortti=2 then seuraika=(min(slaalkupvm,kuolinpvm,mdy(12,31,2012))-alkupvm+1)/365.25; 
     if kohortti=2 and &dg=79 then seuraika=(min(slaalkupvm,kuolinpvm,mdy(12,31,2015))-
alkupvm+1)/365.25; 
     if exslaalkupvm>. then extauti=1; 
     if extauti=1 or (sex=1 and &dg IN (8,67,68,69,70)) or (sex=2 and &dg=9) 
        then do; status=.; seuraika=.; end; 
     if kohortti=2 and &dg IN (75,76,77,78) then do; status=.; seuraika=.; end; 
     IF &altiste>. and status>.; 
proc phreg data=t2; 
     class educ ases; 
     model seuraika*status(0) = sex age educ ases kohortti &altiste alttime / rl;  
     alttime=&altiste*log(seuraika); 
     proportionality_test: test alttime; 
     ods output CensoredSummary=cs TestStmts=ph; 
     data res; merge cs ph; dgnro=&dg;  
     keep dgnro Total Event label WaldChiSq DF ProbChiSq; 
     data res; merge res(in=i) Tautiselitteet; by dgnro; if i; 
proc append base=&resfile data=res; 
run; 
%mend; 
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** all diseases **; 
proc datasets lib=work memtype=data nolist; delete results_all; quit; 
%MACRO coxkaikki; 
%DO I = 1 %TO 80; 
    %coxph(&I,obes2,results_all); 
%END; 
%MEND coxkaikki; 
%coxkaikki; 
proc print data=results_all;  
     id dgnro; 
     var selite Total Event label WaldChiSq DF ProbChiSq; 
run; 
 
** log-log plot **; 
proc lifetest data=t2 notable plots=(logsurv, lls); 
time seuraika*status(0); 
strata obes2;  
run; 
 
********************************************************************; 
**  Supplement (Associations between obesity-related health outcomes)**; 
********************************************************************; 
** predictor=altdg, outcome=vasdg, output file=resfile **; 
** data sets: valitut_taudit2 (diseases), hlot2 (persons) **; 
********************************************************************; 
data valitut_taudit;   
input dgnro jarj; 
cards; 
2    1    Bacterial infections 
80    2    Anaemia 
15    3    Diabetes 
29    4    Sleep disorders 
33    5    Hypertension 
35    6    Angina pectoris 
36    7    Myocardial infarction 
37    8    Pulmonary embolism 
38    9    Arrhythmias 
39    10    Heart failure 
43    11    Cerebral infarction 
45    12    Deep vein thrombosis 
49    13    Asthma 
53    14    Diseases of liver 
55    15    Pancreatitis 
57    16    Skin infections and excema 
60    17    Gout 
61    18    Osteoarthritis 
63    19    Back pain 
66    20    Renal failure 
10    21    Kidney Cancer 
; 
run; 
proc sort data=valitut_taudit; by dgnro; 
proc sort data=fh_taudit; by dgnro; 
data valitut_taudit2; 
     merge valitut_taudit(in=i) fh_taudit; 
     by dgnro; 
     if i; 
proc sort data=valitut_taudit2; by tutknro dgnro; 
run; 
********************************************; 
%macro coxtimedep (altdg,vasdg,resfile); 
data altiste; 
     set valitut_taudit2; 
     IF jarj=&altdg; 
     altistepvm=min(exslaalkupvm,slaalkupvm); 
     keep tutknro altistepvm; 
data tauti; 
     set valitut_taudit2; 
     IF jarj=&vasdg; 
     rename exslaalkupvm=extautipvm slaalkupvm=tautipvm; 
     keep tutknro exslaalkupvm slaalkupvm; 
data t1;  
     merge hlot2(in=i) altiste tauti; 
     by tutknro; 
     if i; 
data t2; 
     set t1; 
     if kohortti=1 then seurloppupvm=mdy(12,31,2016); 
     if kohortti=2 then seurloppupvm=mdy(12,31,2012); 
     if altistepvm>seurloppupvm then altistepvm=.;  
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     if tautipvm>seurloppupvm then tautipvm=.; 

     if .<altistepvm<alkupvm then altistepvm=alkupvm; 
     altaika=round((altistepvm-alkupvm+1)/365.25,0.01); 
     if .<tautipvm<altistepvm then do; altaika=.; tauti_alt=1; end; 

     if tautipvm>. then status=1; else status=0; 
     seuraika=(min(tautipvm,kuolinpvm,seurloppupvm)-alkupvm+1)/365.25; 
     seuraika=round(seuraika,0.01); 

     if altaika=. then altaika=seuraika; 
     if 0<=altaika<seuraika then altistus=1; else altistus=0; 
     if altaika=0 then altistus0=1; else altistus0=0; 

     if extautipvm>. then delete; 
proc phreg data=t2; 
     model seuraika*status(0) = sex age educ ases kohortti timedep_altistus / rl; 
     if seuraika<=altaika then timedep_altistus=0; else timedep_altistus=1; 
     ods output ParameterEstimates=pe CensoredSummary=cs; 
     data pe; set pe; if parameter='timedep_altistus'; 
     data res; merge pe cs; vjarj=&vasdg; ajarj=&altdg; 
     keep parameter vjarj ajarj Total Event HazardRatio HRLowerCL HRUpperCL ProbChiSq; 
     data Tautiselitteet2; merge valitut_taudit(in=i) Tautiselitteet; by dgnro; if i; 
     proc sort data=Tautiselitteet2; by jarj; 
     data vTautiselitteet; set Tautiselitteet2; rename jarj=vjarj dgnro=vastedg selite=vtauti; 
     data aTautiselitteet; set Tautiselitteet2; rename jarj=ajarj dgnro=altistedg selite=atauti; 
     data res; merge res(in=i) vTautiselitteet; by vjarj; if i; 
     data res; merge res(in=i) aTautiselitteet; by ajarj; if i; run; 
proc append base=&resfile data=res; 
run; 
%mend; 
** all diseases **; 
proc datasets lib=work memtype=data nolist; delete results; quit; 
%MACRO coxkaikkiv; 
%DO I = 1 %TO 21; 
    %DO J = 1 %TO 21; 
    %coxtimedep(&I,&J,results); 
    %END; 
%END; 
%MEND coxkaikkiv; 
%coxkaikkiv; 
proc print data=results; where altistedg NE vastedg; 
     id altistedg; 
     var atauti vastedg vtauti HazardRatio HRLowerCL HRUpperCL ProbChiSq Total Event; 
run; 

********************************************************************; 
**  Supplement (Count of diseases, Poisson regression)  **; 
********************************************************************; 
proc freq data=taudit2 noprint; 
     tables tutknro / out=tsum1; 
data tsum1; set tsum1; 
     tautisum=count; 
data tsum2; 
     merge hlot3(in=i) tsum1; 
     by tutknro; 
     if i; 
data tsum3; 
     set tsum2; 
     if tautisum=. then tautisum=0; 
     lnseuraika=log(maxseura/10000); 
run; 
proc freq data=tsum3; 
     tables bmi4 bmi6; 
run; 
proc genmod data=tsum3; 
     class educ ases BMI4; 
     model tautisum = sex age educ ases kohortti BMI4 / dist=poisson offset=lnseuraika; 
     lsmeans BMI4 / exp cl; 
     estimate 'overw vs normal' BMI4 0 -1 1 0; 
     estimate 'obese vs normal' BMI4 0 -1 0 1; 
run; 
proc genmod data=tsum3; 
     class educ ases BMI6; 
     model tautisum = sex age educ ases kohortti BMI6 / dist=poisson offset=lnseuraika; 
     lsmeans BMI6 / exp cl; 
     estimate 'overw vs normal'  BMI6 0 -1 1 0 0 0; 
     estimate 'obese1 vs normal' BMI6 0 -1 0 1 0 0; 
     estimate 'obese2 vs normal' BMI6 0 -1 0 0 1 0; 
     estimate 'obese3 vs normal' BMI6 0 -1 0 0 0 1; 
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run; 

Statistical code (R, version 4.0.0): 

############ Supplement (pooled cohort-adjusted analysis vs.  ############ 
############ fixed-effect meta-analysis)                      ############ 
library(meta) 
labels<-c("FPS","HeSSup") 
est1<-c  (0.4204,0.44553) 
se1<-c   (0.01831,0.03636) 
met1<-metagen(est1, se1,sm="HR",labels,comb.fixed=TRUE,comb.random=FALSE) 
summary(met1) 
forest(met1,leftcols="studlab",print.tau2=TRUE) 

############ Supplement (Aalen additive hazard model) ############ 
library("survival") 
library("timereg") 
library("haven") 
fitAalen<-aalen(Surv(seuraika1,status1==1)~const(bmi4)+ 

const(sex)+const(age)+const(kohortti)+const(educ)+const(ases),data=MORB) 
summary(fitAalen) 

Additional results  
Single diseases in Finnish cohorts 
Detailed results from disease-specific analyses on obesity, overweight and underweight in relation to 78 
health outcomes in Finnish cohorts are shown in supplement tables 4 to 6.  
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Supplement table 4. Associations of obesity versus normal weight with 78 health outcomes in Finnish cohorts 
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Supplement table 5. Associations of overweight versus normal weight with 78 health outcomes in Finnish cohorts 
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Supplement table 6. Associations of underweight versus normal weight with 78 health outcomes in Finnish cohorts 
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Obesity-related multimorbidity in Finnish cohorts 
The associations of BMI with simple and complex multimorbidity did not differ between the two Finnish 
cohorts, FPS and HeSSup (supplement table 7). Similarly, the results from pooled analysis of individual-level 
data from these cohorts did not differ from those obtained using an alternative analysis of fixed effect meta-
analysis of cohort-specific estimates (supplement table 8). 

Supplement table 7. Associations of BMI category with incident obesity-related disease and multimorbidity in FPS 
and HeSSup cohorts 

Supplement table 8. Associations of BMI category with incident obesity-related disease and multimorbidity based on 
pooled analysis and meta-analysis in Finnish cohorts 

The associations of BMI with simple and complex multimorbidity and the dose-response association 
across severity levels of obesity in table 3 were robust in analyses accounting for further baseline 
characteristics. As shown in supplement table 9, additional adjustments for lifestyle factors had little effect 
on these associations. 
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Supplement table 9. Lifestyle-adjusted associations of BMI category with incident obesity-related disease and multimorbidity in Finnish cohorts 
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Sensitivity analyses using an alternative reference group (supplement table 10) and alternative 

definitions of obesity-related multimorbidity supported the robustness of our results (supplement table 11). 

The excess risk of obesity-related multimorbidity was observed when using a more homogeneous reference 

group with BMI between 22.5 and <25kg/m2. It was also observed with alternative definitions of 

multimorbidity, such as having four or more of the 26 specific diseases associated with obesity at a 

Bonferroni-adjusted significance level irrespective of HR cut-point (including no cut-point), or of having 

diseases from two or more of the 13 ICD-10 chapters.  

 

Supplement table 10. Associations of BMI category with incident obesity-related disease and multimorbidity using 
alternative reference group of normal weight participants with BMI 22.5 to <25kg/m2 in Finnish cohorts 

 
 
Supplement table 11. Associations of BMI category with incident obesity-related disease and multimorbidity using 
alternative definitions of multimorbidity in Finnish cohorts 
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We observed no sex differences in associations of BMI with simple and complex multimorbidity (P = 

0.91, supplement table 12). In contrast, these associations were stronger (p = 0.009) in participants who 

were younger than 50 at the time of BMI assessment than those aged 50 or older (supplement table 13).  

 

Supplement table 12. Associations of BMI category with incident obesity-related disease and multimorbidity by sex 
in Finnish cohorts 

 

 

Supplement table 13. Associations of BMI category with incident obesity-related disease and multimorbidity by age 
group in Finnish cohorts 

 

 

Temporal associations between pairs of obesity-related diseases pairs are shown in supplement 

figure 3 and related statistics in supplement table 14. The 21 obesity-related diseases were highly inter-

connected such that having one disease increased the risk of developing another disease and many 

associations were bidirectional. Among the first four diseases in obese participants, there were 140 different 

disease combinations, each of low prevalence (6.2% or less, N<12, supplement table 13). The obesity-related 

diseases that occurred most frequently were diabetes (75.4%, N=147), hypertension (671.8%, N=140), sleep 

disorders (42.6%, N=83), osteoarthritis (42.1%, N=82), arrhythmias (34.4%, N=67), bacterial infections 

(31.3%, N=61) and asthma (22.1%, N=43)
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Supplement figure 3. Temporal associations between obesity-related disease pairs in Finnish cohorts 
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Supplementary table 14. Age-, sex-, cohort-, education- and neighbourhood deprivation-adjusted 
associations between obesity-related disease pairs in Finnish cohorts 
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Supplement table 15 shows that among the first four diseases in obese participants, there were 140 
different disease combinations, each of low prevalence (6.2% or less, N<12). The obesity-related diseases 
that occurred most frequently were diabetes (75.4%, N=147), hypertension (671.8%, N=140), sleep disorders 
(42.6%, N=83), osteoarthritis (42.1%, N=82), arrhythmias (34.4%, N=67), bacterial infections (31.3%, N=61) 
and asthma (22.1%, N=43) (supplement table 16). 
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Supplementary table 15. Frequency of disease combinations in complex multimorbidity (the first 4 
diseases irrespective of temporal order), N of participants with obesity and complex multimorbidity = 195 
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Supplementary table 16. Proportions of obesity-related diseases in obese participants by number of 
obesity-related diseases 
 

 
 
 
 Sensitivity analyses also show that the associations of BMI with simple and complex multimorbidity 
were replicable using alternative indicators of multimorbidity, such as count of obesity-related diseases 
(supplement table 17) and additive hazards for multimorbidity (supplement table 18).  
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Supplementary table 17. Associations of BMI category with the rate of obesity-related diseases in Finnish cohorts  

 
 
 

Supplementary table 18. Difference in hazard of multimorbidity between participants with overweight and obesity 
compared to normal weight in Finnish cohorts  
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External replication in UK Biobank 
As shown in Supplement figure 3, UK Biobank participants were older than participants in the Finnish 
cohorts. Supplement table 19 shows that all the 21 associations with obesity-related diseases and, with few 
exceptions, diseases not robustly associated with obesity in the Finnish cohorts were replicated in UK 
Biobank. 
 
Supplement figure 3. Age distribution at BMI assessment in the Finnish cohorts and UK Biobank 
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Supplement table 19. Associations of obesity versus normal weight with 78 health outcomes in UK Biobank 

 
 

The associations of BMI with simple and complex multimorbidity and the dose-response association 
across severity levels of obesity in UK Biobank were robust to additional adjustment for lifestyle factors 
(supplement table 19). Supplement table 20 provides a summary of consistencies and inconsistencies in the 
results from the Finnish cohorts and UK Biobank. 
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Supplement table 20. Lifestyle-adjusted associations of BMI category with incident obesity-related disease and multimorbidity in UK Biobank 
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Supplement table 21. Comparison of findings between Finnish cohorts and UK Biobank 
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Discussion 
 
Mendelian randomization, an approach to evaluate causality, uses genetic variants that serve as a proxy for 
modifiable risk factors, such as obesity. This approach avoids some of the key limitations of observational 
studies, since allocation of genetic variants is random with regard to potential confounders, and genotype is 
not modified by disease (abolishing reverse causality). Except for anaemia and pancreatitis, Mendelian 
randomization studies support a causal association between BMI and the 21 obesity-related diseases 
included in our analysis of obesity-related complex multimorbidity (supplement table 21).21-30 We found no 
large-scale Mendelian randomization studies on obesity, anaemia and pancreatitis.
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Supplement table 22. Mendelian randomisation evidence on causality for observed obesity-related diseases 
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